The identification of progenitor and stem like cells in epithelial tissues, as well as those 2 3 that may serve as the cell of origin for epithelial cancers, is an outstanding challenge.
). This is important because the alternative approach, i.e. to use expression of surface 1 0 1 markers, is unlikely to capture the full biological complexity underlying cellular potency, 1 0 2 while also introducing potential bias. Thus, here we present LandSCENT, a novel extension estimates with the inferred cell-type clusters, providing a 3-dimensional landscape 1 0 6 representation ( Fig.1, Methods) . Here we applied LandSCENT to a 10X Genomics 1 0 7
Chromium assay profiling thousands of single-cells in the breast epithelium (Nguyen et al. First, we phenotypically characterized the single cells, by performing t-SNE (van der Maaten revealed three main single-cell clusters ( Fig.2A ), in line with previous observations (Nguyen 1 1 4 et al. 2018). One of these clusters expressed high levels of KRT14, a well-known basal 1 1 5 marker, which was not expressed in the other two main clusters (Fig.2B) . Instead, the other hormone receptors (ESR1/PGR) ( Fig.2B ), suggesting that the higher LTF-expressing cluster 1 2 0 represents a more immature (alveolar) luminal phenotype. This is a highly significant observation, given the growing evidence that molecular alterations Thus, we speculate that it is the genetic and epigenetic alterations that accumulate within the 3 0 5
bi-potent progenitor cell pool identified here, which may confer the risk of breast cancer, In future, it will be important to conduct more comprehensive and deeper sequencing of the bi-potent cell pool identified here. In this regard, we point out that we were here severely ~60,000 reads per cell), which did not allow us to fully determine the differential expression 3 1 2 landscape of the bi-potent cells. The identification of YBX1 (and ENO1) is a promising start, 3 1 3 but we anticipate that other regulators will also play a key role in defining these bi-potent 3 1 4
cells. We envisage that the computational framework presented here will play an important 3 1 5
role as a means of identifying and characterizing the bi-potent cells in the larger and deeper scRNA-Seq studies to be performed in the near future. Importantly, LandSCENT will be Teschendorff and Enver 2017). In summary, we have presented a novel 3-dimensional clustering algorithm for scRNA-Seq data, which uses an unbiased and assumption-free approach to estimate cell potency, and which is used to perform single-cell clustering within each potency state. Application of this 3 2 3 simple yet powerful approach to scRNA-Seq data from the mammary epithelium naturally 3 2 4 predicts a bipotent cluster, which as shown here is characterized by regulators that have been 3 2 5
shown to modulate breast cancer risk. This study therefore provides a link between the 3 2 6
progenitor and stem like cell population that controls homeostasis within a complex epithelial individuals was downloaded from GEO (GSE113197), and further normalized as follows: for 3 3 8 each cell we counted the number of expressed genes ("coverage per cell"), and for each gene 3 3 9
we also counted the number of times it was expressed across all single cells ("coverage per 3 4 0 gene"). For each cell, we also computed the total read count mapping to mitochondrial genes, the proportion of mitochondrial read counts less than 0.05, leaving a total of 23,369 cells.
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Mitochondrial genes were removed and the total read count per cell c recomputed (TRC c ).
4 5
Denoting the maximum of TRC c by maxC, and the read count matrix by RCM, the latter was 3 4 6
normalized with the following transformation: LSC gc =log 2 ( RCM gc *maxC/TRC c + 1.1).
4 7
Finally, we only use Entrez gene ID annotated genes, which resulted in a log-normalized 5807 for Ind-6 and 7278 for Ind-7). LandSCENT is a direct extension of the SCENT algorithm. There are three steps to the 3 5 3
LandSCENT algorithm: (1) Inference of potency states: estimation of the differentiation Construction of an integrated landscape defined over potency-states and cell-types using cell-density surface maps to reveal cellular-states. We note that step-1 is the exact same Step-1 Inference of potency states: We estimate differentiation potency of each single cell by 3 6 3 computing the signaling entropy using the same prescription as used in our previous is used to assign weights to the edges of a highly curated protein-protein interaction (PPI) 3 6 7
network. The construction of the PPI network itself is described in detail elsewhere (Banerji of an edge between protein i and protein j, denoted by w ij , is assumed to be proportional to 3 7 2 the normalized expression levels of the coding genes in the cell, i.e. we assume that w ij ~ x i x j .
3 7 3
We interpret these weights (if normalized) as interaction probabilities. The above
construction of the weights is based on the assumption that in a sample with high expression 3 7 5
of i and j, that the two proteins are more likely to interact than in a sample with low 3 7 6
expression of i and/or j. Viewing the edges generally as signaling interactions, we can thus 3 7 7 define a random walk on the network, assuming we normalize the weights so that the sum of outgoing weights of a given node i is 1. This results in a stochastic matrix, P, over the values between 0 and 1) as
Since SR is bounded between 0 and 1, we next transform the SR value of each single cell into 3 9 7 1 2 their logit-scale value, i.e. y(SR)=log 2 ). Subsequently, we fit a mixture of 3 9 8
Gaussians to the y(SR) values of the whole cell population, and use the Bayesian Information Step-2 Inference of cell-types: Cell-types are inferred as significant clusters using larger than 1, and also a standard deviation larger than 1. These thresholds were chosen after and co-expression cluster (cell-type).
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Step-3 Inference and construction of an integrated landscape of cell-states: Finally, we states. In these surface maps, the elevation is directly proportional to cell-density. By states, defined by both potency and expression subtype. To identify single cells in either the G1-S or G2-M phases of the cell-cycle we followed the given normalized scRNA-Seq data matrix for a given individual is then z-score normalized
for all genes present in these signatures. Finally, a cycling score for each phase and each cell 4 2 8
is obtained as the average z-scores over all genes present in each signature. When adjusting 4 2 9
differential expression analyses for cell-cycle phase, we included the G1-S and G2-M scores 4 3 0
as covariates in the linear models. In this study we used three mRNA expression datasets from bulk samples. One dataset The second dataset is the METABRIC study, which profiled almost 2000 primary breast study. We used the normalized data, as provided by the METABRIC consortium. consisting of transit-amplifying progenitor cells, thus a total of 6 bulk samples. We When performing differential expression analysis on single-cell data, for each gene we 4 5 7
always restrict to those cells where the gene is expressed. That is, we remove all dropouts and normalized expression profile and the potency estimates, optionally adjusting for the two We used two different simulation-based methods to derive doublet scores for each cell and to identify those more likely to be doublets. One approach used the simulation method of Dahlin proportional hazards regression. 
